Crude oil price volatility has been analyzed extensively for organized spot, forward and futures markets for well over a decade, and is crucial for forecasting volatility and Value-at-Risk (VaR). There are four major benchmarks in the international oil market, namely West Texas Intermediate (USA), Brent (North Sea), Dubai/Oman (Middle East), and Tapis (Asia-Pacific), which are likely to be highly correlated. This paper analyses the volatility spillover and asymmetric effects across and within the four markets, using three multivariate GARCH models, namely the constant conditional correlation (CCC), vector ARMA-GARCH (VARMA-GARCH) and vector ARMA-asymmetric GARCH (VARMA-AGARCH) models. A rolling window approach is used to forecast the 1-day ahead conditional correlations. The paper presents evidence of volatility spillovers and asymmetric effects on the conditional variances for most pairs of series. In addition, the forecast conditional correlations between pairs of crude oil returns have both positive and negative trends. Moreover, the optimal hedge ratios and optimal portfolio weights of crude oil across different assets and market portfolios are evaluated in order to provide important policy implications for risk management in crude oil markets.
Introduction
Over the past 20-30 years, oil has become the biggest traded commodity in the world.
In the crude oil market, oil is sold under a variety of contract arrangements and in spot transactions, and is also traded in futures markets which set the spot, forward and futures prices. Crude oil is usually sold close to the point of production, and is transferred as the oil flows from the loading terminal to the ship FOB (free on board). Thus, spot prices are quoted for immediate delivery of crude oil as FOB prices. Forward prices are the agreed upon price of crude oil in forward contracts. Futures price are prices quoted for delivering in a specified quantity of crude oil at a specified time and place in the future in a particular trading centre.
The four major benchmarks in the world of international trading today are: 1) West Texas Intermediate (WTI), the reference crude for USA, (2) Brent, the reference crude oil for the North Sea, (3) Dubai, the benchmark crude oil for the Middle East and Far East, and (4) Tapis, the benchmark crude oil for the Asia-Pacific region. Volatility (or risk) is important in finance and is typically unobservable, and volatility spillovers appear to be widespread in financial markets (Milunovich and Thorp, 2006) , including energy futures markets (Lin and Tamvakis, 2001 ). These results hold even when markets do not necessarily trade at the same time. Consequently, a volatility spillover occurs when changes in volatility in one market produce a lagged impact on volatility in other markets, over and above local effects.
Volatility spillovers and asymmetries among those four major benchmarks are likely to be important for constructing hedge ratios and optimal portfolios. As research has typically focused on oil spot and futures prices to the neglect of forward prices, this paper analyses all three oil prices.
Accurate modelling of volatility is crucial in finance and for commodity. Shocks to returns can be divided into predictable and unpredictable components. The most frequently analyzed predictable component in shocks to returns is the volatility in the time-varying conditional variance. The success of the Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model of Engle (1982) and Bollerslev (1986) has subsequently led to a family of univariate and multivariate GARCH models which can capture different 3 behavior in financial returns, including time-varying volatility, persistence and clustering of volatility, and the asymmetric effects of positive and negative shocks of equal magnitude. In modelling multivariate returns, such as spot, forward and futures returns, shocks to returns not only have dynamic interdependence in risks, but also in the conditional correlations which are key elements in portfolio construction and the testing of unbiasedness and the efficient market hypothesis. The hypothesis of efficient markets is essential for understanding optimal decision making, especially for hedging and speculation.
Substantial research has been conducted on spillover effects in energy futures markets. Lin and Tamvakis (2001) 
investigated volatility spillover effects between New York
Mercantile Exchange (NYMEX) and International Petroleum Exchange (IPE) crude oil contracts in both non-overlapping and simultaneous trading hours. They found that substantial spillover effects exist when both markets are trading simultaneously, although IPE morning prices seem to be affected considerably by the close of the previous day on NYMEX. Ewing et al. (2002) examined the transmission of volatility between the oil and natural gas markets using daily returns data, and found that changes in volatility in one market may have spillovers to the other market. Sola et al. (2002) analyzed volatility links between different markets based on a bivariate Markov switching model, and discovered that it enables identification of the probabilistic structure, timing and the duration of the volatility transmission mechanism from one country to another. Hammoudeh et al. (2003) examined the time series properties of daily spot and futures prices for three petroleum types traded at five commodity centres within and outside the USA by using multivariate vector error-correction models, causality models and GARCH models. They found that WTI crude oil NYMEX 1-month futures prices involves causality and volatility spillovers, NYMEX gasoline has bi-directional causality relationships among all the gasoline spot and futures prices, spot prices produce the greatest spillovers, and NYMEX heating oil for 1-and 3-month futures are particularly strong and significant. Chang et al. (2009) examined multivariate conditional volatility and conditional correlation models of spot, forward, and futures returns from three crude oil markets, namely Brent, WTI and Dubai, and provided evidence of significant volatility spillovers and asymmetric effects in the conditional volatilities across returns for each market.
Of the four major crude oil markets, only the most well known oil markets, namely WTI and Brent, the light sweet grade category, have spot, forward and futures prices, while the Dubai and Tapis markets, the heavier and less sweet grade category, have only spot and forward prices. It would seem that no research has yet tested the spillover effects for each of 4 the spot, forward and futures crude oil prices in and across all markets, or estimated the optimal portfolio weights and optimal hedge ratios for purposes of risk diversification.
Spot, futures and forward oil markets have different fundamentals and contract tradability and liquidity, and thus different volatility behaviour. Forward markets are usually less volatile than spot and futures markets. It would therefore be interesting to determine if this stylized characteristic holds across the major oil benchmarks.
Several multivariate GARCH models specify risk for one asset as depending dynamically on its own past and on the past of other assets (see McAleer, 2005) . da Veiga, analyzed the multivariate vector ARMA-GARCH (VARMA-GARCH) model of Ling and McAleer (2003) and vector ARMA-asymmetric GARCH (VARMA-AGARCH) model of McAleer, Hoti and Chan (2009) , and found that they were superior to the GARCH model of Bollerslev (1986) and the GJR model of Glosten, Jagannathan and Runkle (1992) . This paper has two main objectives, as follows: (1) We investigate the importance of volatility spillovers and asymmetric effects of negative and positive shocks of equal magnitude on the conditional variance for modelling crude oil volatility in the returns of spot, forward and futures prices within and across the Brent, WTI, Dubai and Tapis markets, using multivariate conditional volatility models. The spillover effects between returns in and across markets are also estimated. A rolling window is used to forecast 1-day ahead conditional correlations, and to explain the conditional correlations movements, which are important for portfolio construction and hedging. (2) We apply the estimated results to compute the optimal hedge ratios and optimal portfolio weights of the crude oil portfolio, which provides important policy implications for risk management in crude oil markets.
The plan of the paper is as follows. Section 2 discusses the univariate and multivariate GARCH models to be estimated. Section 3 explains the data, descriptive statistics and unit root tests. Section 4 describes the empirical estimates and some diagnostic tests of the univariate and multivariate models, and forecasts of 1-day ahead conditional correlations.
Section 5 presents the economic implications for optimal hedge ratios and optimal portfolio weights. Section 6 provides some concluding remarks.
Econometric Models
This section presents the constant conditional correlation (CCC) model of Bollerslev (1990) , the VARMA-GARCH model of Ling and McAleer (2003) and VARMA-AGARCH model of McAleer, Hoti and Chan (2009) . These models assume constant conditional correlations, and do not suffer from the problem of dimensionality, as compared with the VECH and BEKK models, and also possess regularity and statistical properties, unlike the DCC model (see McAleer et al. (2008) and Carporin and McAleer (2009, 2010) for detailed explanations of these issues).
In explaining a vector of oil prices, Y, the VARMA-GARCH model of Ling and McAleer (2003) , assumes symmetry in the effects of positive and negative shocks of equal magnitude on the conditional volatility, and is given by
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where (1) (4) reduces to the asymmetric univariate GARCH, or GJR, model of Glosten et al. (1992) :
For the underlying asymptotic theory, see McAleer et al. (2007) and, for an alternative asymmetric GARCH model, namely EGARCH, see Nelson (1991) .
If 0 l C  , with l A and l B being diagonal matrices for all l, then VARMA-AGARCH reduces to:
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which is the CCC model of Bollerslev (1990) . As given in equation (7), the CCC model does not have volatility spillover effects across different financial assets, and hence is intrinsically univariate in nature. In addition, CCC also does not capture the asymmetric effects of positive and negative shocks on conditional volatility.
The parameters in model (1), (4), (6) and (9) can be obtained by maximum likelihood estimation (MLE) using a joint normal density, namely
where  denotes the vector of parameters to be estimated on the conditional log-likelihood function, and t Q denotes the determinant of t Q , the conditional covariance matrix. When
does not follow a joint multivariate normal distribution, the appropriate estimators are defined as the Quasi-MLE (QMLE).
In order to forecast 1-day ahead conditional correlation, we use rolling windows technique and examine the time-varying nature of the conditional correlations using VARMA-GARCH and VARMA-AGARCH. Rolling windows are a recursive estimation procedure whereby the model is estimated for a restricted sample, then re-estimated by adding one observation at the end of the sample and deleting one observation from the beginning of the sample. The process is repeated until the end of the sample. In order to strike a balance between efficiency in estimation and a viable number of rolling regressions, the rolling window size is set at 2008 for all data sets.
Data
The univariate and multivariate GARCH models are estimated using 3,009
observations of daily data on crude oil spot, forward and futures prices in the Brent, WTI, and a kurtosis statistic of 3, but these crude oil returns series have high kurtosis, suggesting the presence of fat tails, and negative skewness statistics, signifying the series has a longer left tail (extreme losses) than right tail (extreme gain). The Jarque-Bera Lagrange multiplier statistics of the crude oil returns in each market are statistically significant, thereby signifying that the distributions of these prices are not normal, which may be due to the presence of extreme observations. Brent and WTI returns are more volatile than those of Dubai/Oman and Tapis, as shown by the estimates of their respective standard errors. This may be explained by the fact that light sweet crude oil is less plentiful and in greater demand than the more sour and heavier grades, or due to the presence of different regulatory restrictions in these markets. It also seems that the forward returns are less volatile than those of spot and futures (if they exist) prices, with the exception of Tapis. This has to do with the nature and characteristics of the forward contracts relative to those of the spot and futures contracts Figure 1 presents the plot of synchronous crude oil price returns. These indicate volatility clustering or period of high volatility followed by periods of tranquility, such that crude oil returns oscillate in a range smaller than the normal distribution. However, there are 9 some circumstances where crude oil returns fluctuate in a much wider scale than is permitted under normality.
The unit root tests for all crude oil returns in each market are summarized in Table 2 .
The Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) tests are used to test the null hypothesis of a unit root against the alternative hypothesis of stationarity. The tests yield
large negative values in all cases for levels, such that the individual returns series reject the null hypothesis at the 1% significance level, so that all returns series are stationary.
Since the univariate ARMA-GARCH is nested in the VARMA-GARCH model, and ARMA-GJR is nested in VARMA-AGARCH, with conditional variance specified in (5) and (8), the univariate ARMA-GARCH and ARMA-GJR models are estimated. It is sensible to extend univariate models to their multivariate counterparts if the regularity conditions of univariate models are satisfied, so that the QMLE will be consistent and asymptotically normal. All estimation is conducted using the EViews 6 econometric software package.
Empirical Results
From Tables 3 and 4 , the univariate ARMA(1,1)-GARCH(1,1) and ARMA (1,1)-GJR(1,1) models are estimated to check whether the conditional variance follows the GARCH process. In Table 3 , not all the coefficients in mean equations of ARMA(1,1)-GARCH(1,1) are significant, whereas all the coefficients in the conditional variance equation are statistically significant. Table 4 shows that the long-run coefficients are all statistically significant in the variance equation, but rbrefu (brent futures return), rwtisp (WTI spot return), rwtifor (WTI forward return), rtapsp (Tapis spot return), and rtapfor (Tapis forward return) are only significant in the short run. In addition, the asymmetric effects of negative and positive shocks on the conditional variance are generally statistically significant.
[Insert Tables 3-5 here]
In order to check the sufficient condition for consistency and asymptotic normality of the QMLE for GARCH and GJR model, the second moment conditions are 11 1   and Table 5 shows that all of the estimated second moment conditions are less than one. In order to derive the statistical properties of the QMLE, Lee and Hausen (1997) Table 5 shows that the estimated log-moment condition for both models is satisfied for all returns. The high persistence of volatility shown in Table 5 can be explained by the reinforcing mechanism between oil inventories and the oil basis = (futures -spot).
For the spot, forward and futures returns in the four crude oil markets, there are ten series of returns to be analyzed. Consequently, 45 bivariate models need to be estimated. The calculated constant conditional correlations between the volatility of two returns within and across markets using the CCC model and the Bollerslev and Wooldridge (1992) robust tratios are presented in Table 6 . The highest estimated constant conditional correlation is 0.935, namely between the standardized shocks in Brent spot returns (rbresp) and Brent forward returns (rbrefor).
[Insert Tables 6 here] Corresponding multivariate estimates of the conditional variances from the VARMA(1,1)-GARCH(1,1) and VARMA(1,1)-AGARCH(1,1) models are also estimated.
The estimates of volatility and asymmetric spillovers are presented in Table 7 , which shows that volatility spillovers for VARMA-GARCH and VARMA-AGARCH are evident in 32 and 31 of 45 cases, respectively. The significant interdependences in the conditional volatility among returns hold for 3 of 45 cases for both VARMA-GARCH and VARMA-AGARCH. In addition, asymmetric effects are evident in 27 of 45 cases. Consequently, the evidence of volatility spillovers and asymmetric effects of negative and positive shocks on the conditional variance suggest that VARMA-AGARCH is superior to the VARMA-GARCH and CCC models.
[Insert Tables 7 here] The estimates of the conditional variances based on the VARMA-GARCH and VARMA-AGARCH models reported in Table 7 [Insert Figure 2 here]
The conditional correlation forecasts are obtained from a rolling window technique. Figure 2 plots the dynamic paths of the conditional correlations derived from VARMA-GARCH and VARMA-AGARCH. All the conditional correlations display significant variability, which suggests that the assumption of constant conditional correlation is not valid. It is interesting to note that the correlations are positive for all pairs of crude oil returns, and rtapsp_rtapfor has the highest correlation, at 0.98. In addition, the conditional correlation forecasts of some pairs of crude oil returns exhibit an upward trend in 22 of 45 cases, and a downward trend in 20 of 45 cases. This evidence should also be considered in diversifying a portfolio containing these assets.
Implications for Portfolio Design and Hedging Strategies
This section presents optimal hedge ratios and optimal portfolio weights among crude oil returns and across markets. Theoretically, hedging involves the determination of the optimal hedge ratio. One of the most widely used hedging strategies is based on the minimization of the variance of the portfolio, the so-called minimum variance hedge ratio (see, for example, Kroner and Sultan (1993) , Lien and Tse (2002) , and Chen et al. (2003) ). In order to minimize risk, the dynamic hedge ratio, based on conditional information available at t, is given by:
12, 12, 22,
where 12,t  is the risk-minimizing hedge ratio for two crude oil assets, 12,t h is the conditional covariance between crude oil assets 1 and 2, and 22,t h is the conditional variance of crude oil asset 2. In order to minimize risk, a long position of one dollar taken in one crude oil asset 12 should be hedged by a short position of $ t  in another crude oil asset at time t (Hammoudeh et al. (2009) ).
The average values of the optimal hedge ratio ( t  ) using estimates from the VARMA-GARCH model are presented in the first column of Table 8 . By following the estimated hedge strategy, the highest average optimal hedge ratio is 0.956 (rwtisp/rwtifu), meaning one dollar long in WTI spot should be shorted by 95 cents in WTI futures. The lowest average optimal hedge ratio is 0.125 (rtapfor/rwtifor), meaning one dollar long in Tapis forward should be shorted by 12 cents in WTI forward. Interestingly, we find that the average optimal hedge ratio across markets, namely Dubai and WTI, Tapis and Brent, and
Tapis and WTI, are very low, signifying one dollar long in the first market should be shorted by only a few cents in the second market.
In the case of optimal portfolio weights, the estimated covariance matrices from the VARMA-GARCH model are used to compute the optimal portfolio holdings that minimize portfolio risk, assuming the expected returns are zero. Applying the methods of Kroner and Ng (1998) , the optimal portfolio weight of crude oil asset 1/2 holding ( 12,t w ) is given by: 
where 12,t w , is the portfolio weight of the first asset relative to the second asset at time t. The average of the weights 12,t w means the optimal portfolio holdings for the first asset should be 12,t w cents to a dollar. Obviously, the optimal portfolio holding for the second asset would be (1-12,t w ) to a dollar.
The average values of 12, t w based on the VARMA-GARCH estimates are presented in the second column of Table 8 . For instance, the highest average optimal hedge ratio is 0.968 (rbrefor/rbresp), suggesting that the optimal holding of Brent forward in one dollar of 13 forward/spot for Brent market is 97 cents, compared with 3 cents for Brent spot. These optimal portfolio weights suggest that investors should have much more Brent forward than Brent spot in their portfolio. Surprisingly, the average optimal portfolio weights across markets, namely Dubai and Brent, Dubai and WTI, Tapis and Brent, and Tapis and WTI, suggest that investors should own WTI and Brent (the light sweet grade category) in greater proportions than Dubai and Tapis (the heavier and less sweet grade category).
Conclusion
The empirical analysis in the paper examined the spillover effects in the returns on spot, forward and futures prices of four major benchmarks in the international oil market, GJR(1,1) models, only the GARCH estimates were statistically significant, and most of the estimates of the asymmetric effects were significant. Based on the asymptotic standard errors, the VARMA-GARCH and VARMA-AGARCH models showed evidence of volatility spillovers and asymmetric effects of negative and positive shocks on the conditional variances, which suggested that VARMA-AGARCH was superior to both VARMA-GARCH and CCC.
The paper also presented some volatility spillover effects from Brent and WTI returns, and from the Brent and WTI crude oil markets to the Dubai and Tapis markets, which confirmed that the Brent and WTI crude oil markets are the world references for crude oil.
The paper also compared 1-day ahead conditional correlation forecasts from the VARMA-GARCH and VARMA-AGARCH models using the rolling window approach, and showed that the conditional correlation forecasts exhibited both upward trend and downward trends.
In order to design optimal portfolio holdings across two crude oil grade categories, the optimal portfolio weights suggest holding the light sweet grade category (WTI and Brent) in a greater proportion than the heavier and less sweet grade category (Dubai and Tapis). In the case of minimizing risk by using a hedge, a long position of one dollar in the light sweet 14 grade category (WTI) should be shorted by only a few cents in the heavier and less sweet grade category (Dubai and Tapis). (2) * denotes significance at the 1% level. 
Notes: The symbols  (  ) indicate the direction of volatility spillovers from A returns to B returns (B returns to A returns),  means they are interdependent, and 0 means there are no volatility spillovers between pairs of returns. 
